Abstract
Background
The past decades have witnessed many biological and epidemiological discoveries through the experimental design of genetic association studies based on the development of biological technology. Many variants have been identified to be associated with the quantitative traits. For example, in studying genetic loci in association with various phenotypes, 180 were reported to be associated with human height [1] , 106 were associated with age at menarche [2] , 97 were identified to be associated with body mass index [3] , and the single-nucleotide polymorphism (SNP) rs4702 was associated with both diastolic and systolic blood pressure levels [4] . A standard approach to conduct an association test in a quantitative trait genetic study is to fit a linear model based on the assumption that the original or transformed trait values follow a normal distribution. However, the normal assumption is often violated for many traits even though some transformations such as the Log-transformation are carried out. For example, the number of tumors per subject in mouse follows a negative binomial distribution [5] and the survival time of a person follows a truncated distribution [6] . A good alternative to address this issue is to use the nonparametric tests.
Although there are various nonparametric tests in the literature, the most commonly used ones in genetic studies are the Kruskal-Wallis test (denote it by KW) [7] and the Jonckheere-Tepstra test (denote it by JT) [8, 9] . Originally, the KW was designed to detect the differences of the response variable in the medians of three groups and it was a nonparametric version of one-way analysis of variance based on ranking. The JT was also a rankbased test for an ordered alternative hypothesis which was particularly sensitive to the genetic mode of inheritance. Recently, Zhang and Li [10] defined the nonparametric risk and nonparametric odds and proposed a nonparametric trend test (NPT) that has been shown to be more powerful than KW and JT under a given genetic model. These methods, however, would suffer from loss of power when the underlying genetic model is misspecified.
In the present paper, we propose a two-phase robust procedure to test the genetic-phenotypic association. We first construct a test to classify the genetic model in a nonparametric way. We find that the test statistic tends to be positive when the genetic model is dominant, and negative when the model is recessive. Then based on the chosen model, the association test is conducted. We derive the correlation coefficient of the test used for choosing the genetic model and that for doing association study and obtain the proper size for a given nominal significance level. Extensive simulation studies are conducted to show the new approach to have empirical size less than the nominal level, and to compare this new approach with KW and MAX3, the maximum value of three NPTs. The results show that the proposed two-phase procedure is more robust than MAX3 and KW in the sense that its minimum power in a set of plausible models is the highest among the tests under consideration. Finally, a real data analysis is used for further illustration.
Methods

Notations and genetic models
Consider a biallelic marker whose genotype is coded as 0, 1, and 2, corresponding to the count of a certain candidate risk allele or a minor allele. Suppose that there are n subjects that are independently sampled from a source population in a quantitative trait genetic association study. Let (y i , g i ), i = 1, 2, · · · , n be the observed sample, where y i is the trait value and g i denotes the genotype value of the ith subject, i = 1, 2, · · · , n. For brevity, let the first n 0 subjects have genotype 0, the second n 1 subjects have genotype 1, and the last n 2 subjects possess genotype 2. Denote f ij = Pr(Y i < Y j ), i, j = 0, 1, 2, where Y 0 , Y 1 and Y 2 are the random variables that take values in three sets {y 1 , y 2 , · · · , y n 0 }, {y n 0 +1 , y n 0 +2 , · · · , y n 0 +n 1 } and {y n 0 +n 1 +1 , y n 0 +n 1 +2 , · · · , y n }, respectively. The null hypothesis of no association is given by H 0 : 
Model selection
We find that 1 − 2 tends to be negative value under the recessive model and take positive under the dominant model. The signs of ( 1 , 2 ) under the three genetic models are plotted in Fig. 1 , where the line corresponding to the additive model is the straight line with a slope of 1 at the point C, C = (1/2, 1/2) τ and τ denotes the transpose of a vector or a matrix, and the other two lines are for the recessive and dominant models, respectively. The recessive and dominant models form the boundaries of the space under the alternative hypothesis. The vertex C corresponds to the null hypothesis. Denotê
and Under the null hypothesis, Z 1 asymptotically follows the standard normal distribution. So the genetic models can be determined as follows: i) if Z 1 > ξ (> 0), then the genetic model is dominant; ii) if Z 1 < −ξ , then the genetic model is recessive; otherwise, the additive model 
The nonparametric test under a given genetic model
and
Then the NPT under the recessive model can be given
Let
Similarly, denote
and 
Two-phase procedure
We propose a two-phase procedure (TPP) for the quantitative trait association study by first determining the underlying genetic model in the first phase, followed by testing the association with the corresponding NPT for the selected model in the second phase. In details, the twophase procedure can be described by the following two steps:
Step 1. Determine the genetic model using Z 1 . If Z 1 < −ξ , the recessive model is used, else if Z 1 > ξ, we use the dominant model, otherwise, the additive model is used.
Step 2. We choose the association test statistic based on the chosen model in Step 1 and do the association study.
Size adjustment
To adjust the size of the two-phase procedure for a given overall nominal significance level, we need to derive the joint distribution of Z 1 and Z x , x ∈ {R, A, D}. From the Additional file 1, under the null hypothesis, (Z 1 , Z x ) τ asymptotically follows a bivariate normal distribution with mean (0, 0) and x , where
Denote the cumulative distribution function of Y 0 , Y 1 and Y 2 by F 0 , F 1 and F 2 , respectively. Then ρ R , ρ A and ρ D are functions of F 0 , F 1 , F 2 and p (the minor allele frequency, or MAF, for short), which can be estimated empirically based on the observed data. The consistent estimates can be obtained under the situation that the means of the trait values in the groups with different genotypes being equal. The technical details of derivations for ρ R , ρ A and ρ D under the null hypothesis are presented in the Additional file 1. Suppose that the null hypothesis is rejected at the level of α * in the second phase. Then, to control the overall level at a given α, we have α
, where z(α) is the α quantile of the standard normal distribution. So, this relation can be written as
where R = {u : u < −ξ }, A = {u : −ξ ≤ u ≤ ξ }, D = {u : u > ξ}, and (·) is the cumulative distribution function of the standard normal distribution. Under the null hypothesis, we can numerically calculate the adjusted significant level for the association test statistic in the second phase. Table 2 shows the mean and standard error of α * with the nominal level of 0.05 and 0.001 based on 1,000 and 50,000 replicates, respectively. It indicates that α * is more likely to be smaller than α, and also α * is less vulnerable to the MAF. For example, when MAF = 0.25, the adjusted levels for the nominal α = 0.05 and α = 0.001 are 0.0360 and 0.00065, and the corresponding standard error are 0.0003 and 0.000013, respectively.
Results
The performance of model selection procedure
We conduct simulation studies to explore the performance of the model selection procedure. We generate data considering three genetic models. Consider the linear model Y = β 0 + Gβ 1 + , where Y denotes the phenotype value, G denotes the genotype value at a SNP locus, and follows a truncated generalized extreme value distribution (a heavy-tailed distribution, denoted as tGEV(0, 0, d, 0)) with the shape parameter 0, the location parameter 0, the scale parameter d, and the truncated point 0. Here we specify β 0 = 0.50, β 1 = 0.50, d = 5, and the MAF p ∈ {0.05, 0.10, · · · , 0.50}. The total sample size is 1,500. 10,000 replicates are conducted to compute the true selection rate (TSR) under different scenarios. Table 1 Table 1 , we can see that the TSR increases as MAF increases. For example, if the recessive model is true, the TSR is 19.48 % for MAF of 0.05, while it is 86.21 % for MAF of 0.50. It makes sense since the expected number of subjects with genotype 2 is increasing with the MAF increasing. We also find that the TSR for additive model is satisfactory with the TSR being around 80 %. For example, the TSR are 79.23 % and 80.09 % corresponding to MAF of 0.05 and 0.50, respectively. Besides this, we also conduct simulations with covariates considering Y = β 0 + Xγ + Gβ 1 + , where X is a covariate. The detailed results are available in the Additional file 1. The sample size is n = 1, 500 and 10,000 replicates are conducted
The adjusted significant level 
Power
We compare the power among KW, Z R , Z A , MAX3 and TPP under the similar settings to those described above. Figures 2 and 3 report the power results for the nominal level of 0.05 and 0.001, respectively, under the recessive, additive, and dominant models. In order to make the power comparable, when the nominal level is 0.001, we specify d = 3 for β 1 = 0.25 and d = 5 for β 1 = 0.50, and when the nominal level is 0.05, we set d = 5 and β 1 = {0.25, 0.50}. The results indicate that, except the NPT test under the true genetic model, the proposed TPP is always more powerful than KW and MAX3. this makes sense because that NPT under a given model (Z R , Z A ) is the most powerful under that model, and the model selection procedure always gives a large probability of TSR. TPP is more powerful than KW, Z A , and MAX3 under the Table 2 The adjusted level α * for the nominal significant level α of 0.05 and 0.001 The sample size is 1,500. The left panel is for the significant level α = 0.05 and the right panel is for the significant level α = 0.001 
Application to gene DNAH9 associated with anti-CCP measure
We apply KW, Z A , MAX3 and TPP to identify the deleterious SNPs in the gene DNAH9 [11] for the association with the anti-CCP measure using the data from Genetic Workshop 16 [12, 13] . The anti-CCP is present in the blood of the majority of patients with rheumatoid arthritis (RA). The data includes 867 cases (with anti-CCP) and 1,195 controls (without anti-CCP). Here we impute them with the minimum value of the anti-CCP values in cases, which is 20.053 following Zheng et al. (2012) [14] . We remove the effect of population stratification using four principal coordinates [15] following Zhang and Li [10] [16] proposed to use the p-value threshold of 5 × 10 −5 as the moderate association at the genome-wide level. Because the p-values of KW, Z A and MAX are all larger than 5 × 10 −5 , there are no moderate genome-wide associations. However, for the TPP, we calculate the adjusted p-value threshold for 5 × 10 −5 and it is 3.64×10 −5 . This indicates that using the TPP can give the moderate-strong effect.
Discussion and Conclusion
With the developments of biological technology, more and more data on quantitative traits and genotypes are generated and deposited in public database such as The National Center for Biotechnology Information database. It is urgent to develop new methods to excavate useful information to help understand the etiology of human complex diseases. A nonparametric two-phase procedure is proposed here to test the association between a di-allelic SNP and a non-normal distributed quantitative trait when the genetic model is unknown. Simulation results show that the proposed TPP is more robust than the existing methods.
If there are covariates needed to be adjusted for, we can first regress on the covariates and use the residuals as the new outcome and then employ TPP to conduct the association study. The detailed simulation results are presented in Additional file 1. Besides the truncated generalized extreme value distributional (a heavy-tailed distribution) error term with the truncation point 0, we also consider the error term following the centralized t distribution and general generalized extreme value distribution, respectively. The results are given in Additional file 1, where the similar results are observed. 
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